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ABSTRACT 
 
Gene expression  is  influenced by both genetic variants and  the environment. As  individuals age,  changes  in
gene expression may be associated with decline in physical and cognitive abilities. We measured transcriptome‐
wide expression  levels  in  lymphoblastoid cell  lines derived from members of the Lothian Birth Cohort 1936 at
mean  ages  70  and  76  years.  Changes  in  gene  expression  levels were  identified  for  1,741  transcripts  in  434
individuals. Gene Ontology enrichment analysis indicated an enrichment of biological processes involved in the
immune  system.  Transcriptome‐wide  association  analysis  was  performed  for  eleven  cognitive,  fitness,  and
biomedical aging‐related traits at age 70 years (N=665 to 781) and with mortality. Transcripts for genes (F2RL3,
EMILIN1 and CDC42BPA) previously  identified as being differentially methylated or expressed  in  smoking or
smoking‐related  cancers  were  overexpressed  in  smokers  compared  to  non‐smokers  and  the  expression  of
transcripts  for  genes  (HERPUD1,  GAB2,  FAM167A  and  GLS)  previously  associated  with  stress  response,
autoimmune disease and  cancer were associated with  telomere  length. No associations between expression
levels and other traits, or mortality were identified. 
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INTRODUCTION 
 
This study investigates how gene expression levels 1) 
change within older age and 2) are associated with age-
related physical, cognitive, and biochemical traits.  
Gene expression levels are influenced by both multiple 
genetic variants and the environment. They influence 
most human traits and may provide insight into the 
biological mechanisms responsible for individual 
differences. The focus of the present study is on age-
related differences. 
 
The UK population is rapidly aging. However, little is 
known about the molecular mechanisms responsible for 
individual differences in age-related physical and 
cognitive traits [1]. As individuals age, many physical 
traits decline. Decreases in lung function, muscle 
strength, and gait speed are particularly common, and 
are associated with morbidity and mortality [2-8]. Age-
related cognitive decline is one of the most feared 
aspects of growing older, and it is highly predictive of 
dementia, morbidity and mortality [9]. 
 
Many physical traits that decline with age are heritable. 
Twin-based heritability of lung function is estimated to 
be between 39 and 54% in adults [10, 11], muscle 
strength between 40 and 65% in older adults [12, 13], 
and gait speed between 15 and 51% in older women 
[14, 15]. Recent genome-wide association (GWA) 
studies have identified genomic regions associated with 
lung function [16, 17] and grip strength (a commonly 
used measure of muscle strength) [18]. A GWA study 
of gait speed did not identify any genome-wide 
significant signals [19].  
 
Twin based heritability studies estimate the heritability 
of cognitive function to be greater than 50%, increasing 
from ~50% in childhood to as high as ~80% in middle 
adulthood and older age [20]. SNP based heritability 
was shown to be ~30% in individuals aged over 40 
years [21, 22], and a study based on 1,900 members of 
the Lothian Birth Cohorts of 1921 and 1936 and the 
Aberdeen Birth Cohort of 1936 estimated SNP based 
heritability of cognitive decline, between the ages of 11 
and 64-79 years, to be ~24% [23]. GWA studies 
indicate that both cognitive decline and cognitive ability 
are highly polygenic traits [21-25].  
 
Oxidative stress is hypothesised to contribute to age-
related physical and cognitive decline, possibly through 
increased inflammation [26] resulting in shortening of 
telomeres [27]. This may be compounded by smoking 
[28]. Telomere length is reported to decrease with age 
[29, 30] and to be influenced by smoking [28], social 
status and psychological stress [31], although its use as 
a biological marker of cognitive and physical aging is 
equivocal [30, 32, 33]. 
 
As indicated above, many age-related traits are 
heritable; however, they are also polygenic, with few 
specific genetic variants significantly contributing to 
individual differences. Moreover, they are also 
influenced by environmental and life-style factors. As 
well as trying to detect these many small and interacting 
influences per se, an attractive option is to measure an 
entity that is a summary outcome of their combined 
effects, and which might have both a more-detectable 
association with aging and be an indicator of the causal 
pathways involved. To gain further insight into the 
mechanisms leading to physical and cognitive aging, 
researchers are starting to investigate associations 
between aging-related traits and genome-wide gene 
expression levels; these are influenced by multiple 
genetic variants, methylation status, the environment, 
and gene x gene and gene x environment interactions. 
Therefore, gene expression levels capture the net 
influences on transcription and are more likely to be 
associated with age-related and other traits than are 
individual genetic variants. A meta-analysis of 7,781 
individuals aged 20-104 years, from four cohorts, 
identified 221 differentially expressed genes associated 
with muscle strength [34]. Differential gene expression 
has also been identified in smokers versus never 
smokers in a meta-analysis of 10,233 individuals from 
six cohorts [35], which may in turn influence aging. To 
the best of our knowledge, genome-wide expression 
levels have not been investigated for other aging traits. 
 
In the present study, we measured transcriptome-wide 
gene expression levels, using the Illumina HumanHT-
12v4 Expression BeadChip, in lymphoblastoid cell lines 
derived from ~800 members of the Lothian Birth 
Cohort 1936 (LBC1936) at age ~70 years and from 
~400 of the same individuals at age ~76 years. As far as 
we are aware, this is the first study to investigate 
changes in gene expression levels within older age. 
We next investigated the association of gene 
expression levels with eleven cognitive, fitness, and 
biomedical aging-related traits at age 70 years, and 
with mortality. 
 
RESULTS 
 
Descriptive statistics for a general fluid cognitive factor 
(gf), childhood-to-older-age IQ change, time taken to 
walk six metres, grip strength, forced expiratory volume 
from the lungs in one second (FEV1), C-reactive 
protein (CRP), fibrinogen, Glycohemoglobin (HbA1c), 
smoking status, telomere length, and mortality status are 
shown in Table 1. Individuals for whom expression data 
were available at age 70 years differed very little from 
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the whole cohort, in all measures, at age 70 years. 
Individuals for whom expression data were available at 
ages 70 and 76 years had higher general cognitive 
function, a faster walk time, greater grip strength,  better  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
lung function, lower levels of fibrinogen, were less 
likely to have acute levels of CRP, and were less likely 
to smoke at age 70 years than those for whom only age 
70 expression data were available. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 1. Summary descriptive data for LBC1936. 
 Full sample Individuals with age 70 expression 
data 
Individuals with age 70 and 76 
expression data 
Variable Mean (SD, range) N Mean (SD, range) N Mean (SD, range) N 
Age (years) 69.5 (0.8, 67.6-71.3) 1091 69.5 (0.8, 67.6-71.3) 781 69.5 (0.8, 67.6-
71.3) 
434 
gf 0.0 (1.0, -3.5-2.9) 1072 -0.005 (0.1, -3.0-2.9) 767 0.1 (0.1, -3.0-2.9) 429 
IQ change 0.006 (0.9, -5.6-4.4) 1016 0.005 (1.0, -5.6-4.4) 726 0.05 (0.9, -4.0-4.4) 404 
6m walk time (s) 3.8 (1.1, 1.1-11.0) 1084 3.8 (1.1, 1.1-10.9) 778 3.7 (0.9, 1.1-8.8) 433 
Grip strength (Kg) 29.0 (10.2, 2-60) 1066 29.4 (10.2, 4-60) 768 30.2 (10.0, 11-60) 427 
FEV1 (L) 2.4 (0.7, 0.5-5.1) 1085 2.4 (0.7, 0.5-5.1) 780 2.5 (0.7, 0.7-4.3) 434 
Fibrinogen (g/L) 3.3 (0.6, 1.6-6.2) 1052 3.3 (0.6, 1.6-6.2) 769 3.2 (0.6, 1.6-5.9) 428 
HbA1c (% total) 5.9 (0.7, 4.5-11.6) 1060 5.9 (0.7, 4.5-11.6) 776 5.9 (0.7, 4.5-11.6) 431 
Telomere length (kb) 4.2 (0.6, 2.7-7.1) 1070 4.2 (0.5, 2.8-7.1) 781 4.2 (0.6, 2.8-7.1) 434 
Sex  Male 548 (50%)  400 (51%)  230 (53%) 
 Female 543 (50%)  381 (49%)  204 (47%) 
CRP Normal (0.3 mg/L) 535 (51%)  401 (52%)  244 (57%) 
 Elevated (4-10 mg/L) 399 (38%)  294 (38%)  154 (36%) 
 Acute (>10 mg/L) 120 (11%)  80 (10%)  34 (8%) 
Smoking status Current smoker 125 (12%)  92 (12%)  33 (8%) 
 Past smoker 465 (43%)  325 (42%)  182 (42%) 
 Never smoker 501 (46%)  364 (47%)  219 (51%) 
Mortality status Alive 868 (80%)  627 (80%)  398 (92%) 
 Dead 223 (20%)  154 (20%)  36 (8%) 
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Expression change between ages 70 and 76 years 
 
A significant difference in expression levels between 
ages 70 and 76 years was identified for 1,741 
transcripts, with a negative T value indicating an 
increase in expression level. 874 showed an increase in 
expression and 867 a decrease in expression (Figure 1a, 
Supplementary Table 1). Figure 1b shows a density plot 
of transcript (Pearson) correlations between ages 70 and 
76 years for all transcripts and for Bonferroni corrected 
significant transcripts only. The correlations are listed in 
Supplementary Table 1. Correlations for control 
samples were all > 0.95 within plates and > 0.90 
between plates. The expression of the 1,323 probes 
significantly differentially expressed and successfully 
mapped to a gene is illustrated  in  Figure 2,  along  with  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
the results of the cluster analysis. Cluster analysis 
separated the genes into those that increase in 
expression (cluster 1) and those that decrease in 
expression (cluster 2) between waves 1 and 3. After 
correction for 13,142 Gene Ontology (GO) terms used 
in the analysis, GO enrichment analysis using all genes 
(those showing increased and decreased expression, 
ranked by p value) indicated enrichment for six bio-
logical processes (Supplementary Table 2). The most 
significant of these were the immune system (p=3.0x10-
9), defense response (p=1.8x10-7), and positive 
regulation of the immune system (p=5.7x10-7) process-
ses. After correction for 10,471 GO terms, enrichment 
analysis using genes that showed increased expression 
indicated enrichment for protein heterotetramerization 
(p=3.4x10-6) (Supplementary Table 3).  After  correction 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. (a) Transcriptome‐Wide Association Study Manhattan Plot of the paired t‐test T‐statistic for difference in expression at age 70
and age 76. (b) Density Plot of transcript (Pearson) correlations between ages 70 and 76. The red curve is the correlation distribution for the
Bonferroni corrected significant transcripts that either increase or decrease in expression levels with age; the black curve is for all transcripts.
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for 11,220 GO terms, enrichment analysis using genes 
that showed decreased expression indicated enrichment 
for five biological processes (Supplementary Table 4). 
The most significant of these were the defense response 
(p=2.3x10-7), inflammatory response  (p=7.2x10-7),  and  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
cytokine-mediated signalling pathway (p=1.1x10-6) 
processes. As expected, there was a bias towards genes 
linked to heterodimerization in cluster 1 and a bias 
towards genes linked to defense response in cluster 2 
(Figure 2).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Heatmap of gene expression profiles across individuals. Rows are probes and columns are individuals with the red/blue bar
along the top indicating to which wave the column corresponds. Genes linked to the top term identified in each GO analysis are shown.
Table 2. Transcriptome‐wide significant genes for current versus never smokers. 
Probe  Gene symbol Chr  Beta St. Err P 
ILMN_2127298 F2RL3 19 0.11 0.019 1.57E-08 
ILMN_2390946 NA NA 0.076 0.015 2.51E-07 
ILMN_1711439 EMILIN1 2 0.095 0.019 1.30E-06 
ILMN_1781472 CDC42BPA 1 0.14 0.029 2.16E-06 
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Comparison with a previously published cross-
sectional study of genes differentially expressed with 
age 
 
Of the 1,323 differentially expressed probes mapped to 
a gene, 1,130 were assigned a unique gene symbol. 907 
of these genes were previously reported in a cross-
sectional study that identified 1,497 genes differentially 
expressed with age in the whole blood of 14,983 
individuals [36]. 244 of the 907 genes were differential-
ly expressed in this previous study (p<4.2x10-6), of 
which 113 were differentially expressed in the same 
direction (Supplementary Table 5). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Transcriptome-wide analyses 
 
For the transcriptome-wide association analyses with a 
sample size of 665 (the smallest N used), we have 80% 
power (alpha=0.05, two-sided) to detect a correlation of 
0.11. Transcriptome-wide association analysis of 
current smoker versus never smoker identified four 
transcripts associated with smoking status (Figure 3a, 
Table 2). Three of the transcripts were annotated to 
genes: F2RL3 on chromosome 19 (p=1.57x10-8), 
EMILIN1 on chromosome 2 (p=1.30x10-6) and 
CDC42BPA on chromosome 1 (p=2.16x10-6). None of 
these genes  were  identified  as being  differentially  ex- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 3. Transcriptome‐wide significant genes for telomere length.
Probe  Gene symbol Chr  Beta St. Err P 
ILMN_2374159 HERPUD1 16 0.00015 2.98E-05 7.32E-07 
ILMN_1665964 GAB2 11 7.35E-05 1.49E-05 9.81E-07 
ILMN_3248511 FAM167A 8 0.00012 2.53E-05 1.86E-06 
ILMN_2188722 GLS 2 0.00010 2.14E-05 1.92E-06 
ILMN_1687213 FAM167A 8 0.00011 2.39E-05 1.95E-06 
Figure 3. Manhattan plot of  the P‐values of  the  transcriptome‐wide  association  analyses  for  (a)  smoking  status  (current
versus never) and (b) telomere length. The red line indicates the threshold for transcriptome‐wide significance (P<2.17x10‐6).
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pressed in a large (10,233 participants) whole-blood 
transcriptome meta-analysis of current versus never 
smokers [35]. Seven of the top 10 genes in the Huan et 
al. 2016 study [35] were represented by transcripts in 
this study, of which one (PYHIN1, p=0.03) was 
nominally significantly (p<0.05) associated with smok-
ing status, but in the opposite direction (Supplementary 
Table 14). No transcripts for the top gene (LRRN3) in 
the Huan et al. 2016 study [35] passed quality control in 
our study. The full association results are shown in 
Supplementary Table 14. 
 
No transcripts were associated with former versus never 
smokers (Supplementary Table 15). Six out of the top 
10 genes in the Huan et al. 2016 study [35] were 
represented by transcripts in this study, of which two 
(RASSF1, p=0.03 and PILRA, p=0.02) were nominally 
significantly (p<0.05) associated with smoking status, 
but in the opposite direction (Supplementary Table 
15). 
 
Transcriptome-wide association identified five 
transcripts associated with telomere length (Figure 3b, 
Table 3). The transcripts were for the following genes: 
HERPUD1 on chromosome 16 (p=7.32x10-7), GAB2 on 
chromosome 11 (p=9.81x10-7), FAM167A on chromo-
some 8 (p=1.86x10-6), GLS on chromosome 2 
(p=1.92x10-6) and FAM167A on chromosome 8 
(p=1.95x10-6). The full association results are shown in 
Supplementary Table 16. 
 
No transcripts were significantly associated with gf, IQ 
change, six metre walk time, FEV1, grip strength, CRP, 
fibrinogen, HbA1c, or methylation age acceleration 
(Hannum or Horvath) (Supplementary Tables 6-13, 17-
18). Eight out of the top 10 genes for muscle strength in 
the Pilling et al. 2016 study of 7,781 participants, [34] 
were represented by transcripts in this study, of which 
one (PNP, p=0.03) was nominally significantly 
associated with grip strength at p<0.05, but in the 
opposite direction (Supplementary Table 10). 
 
Survival analyses 
 
Gene expression levels were not associated with 
mortality (all p<2.17x10-6) (Supplementary Table 19). 
 
DISCUSSION 
 
This study has identified 1,741 transcripts that 
demonstrate a change in expression levels in lympho-
blastoid cell lines derived from 434 individuals at ages 
70 and 76 years. At age 70 years the expression levels 
of specific genes were associated with smoking status 
and telomere length. 
The findings from the GO enrichment analyses 
indicated an enrichment of biological processes 
involved in the immune system. This is consistent with 
the finding of a decline in the normal functioning of the 
immune system with age [37]. A similar number of 
genes showed increased levels of gene expression as 
showed decreased levels of gene expression with age, 
which is in line with previous findings from cross-
sectional studies [36, 38], that also identified gene 
expression changes in genes involved in immune 
processes. A look-up of the 907 genes that we showed 
to be differentially expressed with age, and were 
included in a relatively large (N=14,983) cross-sectional 
study of expression in whole blood [36], showed that 
244 were also differentially expressed in the whole 
blood study. However, only 113 were differentially 
expressed in the same direction. Discrepancies in these 
results are likely due to the different cell types sampled 
(whole blood which is a mixture of cell types versus 
LCLs), and the cross-sectional nature of the previous 
study (mean ages of cohorts included 38-72 years) 
versus the longitudinal nature of the current study (ages 
70-76 years). Our study specifically looked at change 
over a six year period in the eighth decade of life, 
whereas the previous study included many younger 
individuals. The correlation density plot (Figure 1b) of 
transcript correlations between ages 70 and 76 years 
indicated a relatively low level of stability that was 
slightly higher for transcripts for which expression 
levels significantly changed between these ages than for 
all transcripts. This may indicate that the transcripts for 
which change could be detected were more accurately 
measured. The high correlations between the control 
samples (> 0.95 within plates and > 0.90 between 
plates) indicated that overall, measurement error was 
small. 
 
The expression of three genes was upregulated in 
current versus never smokers. F2RL3, which showed 
the strongest association with smoking status, encodes a 
member of the protease-activated receptor subfamily, 
part of the G-protein coupled receptor 1 family of 
proteins that is associated with inflammation. 
Hypomethylation of F2RL3 has been associated with 
smoking status and lung cancer [39, 40]. CDC42BPA 
encodes a member of the Serine/Threonine protein 
kinase family and is upregulated in pancreatic cancer, a 
smoking related cancer, compared to normal tissue [41]. 
EMILIN1 encodes an extracellular matrix glycoprotein 
associated with elastic fibers. It has been shown to 
decrease tumor cell growth [42].  
 
None of the transcripts associated with smoking status 
in our study were identified in a previous whole-blood 
transcriptome meta-analysis, including more than 
10,000 individuals, of current versus never smokers 
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[35], and none of the top 10 hits from that study were 
nominally significant in our study. This may be due to 
the previous study investigating gene expression in 
whole blood, whereas our study investigated gene 
expression in LCLs. Our failure to replicate previously 
published associations for both smoking [35] and 
muscle strength [34]  may also be due to the smaller 
size of our study. 
 
The upregulation of expression of four genes was 
associated with longer telomere length. HERPUD1 
encodes a protein that is important in endoplasmic 
reticulum (ER) stress response. ER stress influences 
number of diseases including neurodegeneration and 
cardiovascular disease [43]. GAB2 encodes a member of 
the GRB2-associated binding protein (GAB) gene 
family and is associated with human tumorigenesis, 
particularly in breast cancer, leukemia and melanoma 
[44]. FAM167A is located in a locus previously 
associated with autoimmune diseases [45]. GLS encodes 
the K-type mitochondrial glutaminase which is 
regulated by oncogenes and supports tumor cell growth 
[46]. No genes previously associated with telomere 
length via genome-wide association studies [47-49] 
were shown to have expression levels associated with 
telomere length in this study. 
 
Strengths of this study include the longitudinal nature, 
which allowed us to investigate expression changes 
within older age. The large number of aging variables 
allowed us to investigate the association between gene 
expression levels and many cognitive and physical traits 
in older age, the majority of which had not previously 
been investigated. LBC1936 have a narrow age range 
and are genetically homogeneous, reducing variability 
that may be introduced in other cohorts.   
 
Limitations include the use of LCLs rather than whole 
blood. However, although we did not identify the same 
genes as a whole-blood transcriptome meta-analysis of 
smoking status [35], the majority of the genes that we 
did identify are known to be differentially methylated or 
expressed in smokers or smoking related cancers, 
suggesting that the results are not just artefacts 
introduced by LCL generation. Other limitations 
include the relatively short time period between the two 
waves of blood collection (~6 years), and the relatively 
small number of individuals for whom we had 
longitudinal data (n=434). The number of individuals in 
each of the transcriptome-wide associations of aging 
traits ranged from 665 to 781, which means that we had 
limited power to detect individual small associations, 
which, when combined, might predict aging-related 
traits. A further limitation is the relative good health of 
the LBC1936 participants, thus reducing the variance of 
these traits relative to the general population. In the 
future, sample sizes for this type of transcriptomic 
analysis will increase as other studies with well 
characterized aging cohorts move onto wide-range 
expression analysis.  
 
In conclusion, we identified several thousand genes 
which show either increased or decreased expression 
between ages of 70 and 76 years. These genes were 
enriched for immune system processes. In the future we 
intend to examine associations between changes in 
expression and changes in cognitive and physical traits. 
We also showed that genes previously identified as 
being differentially methylated or expressed in smoking 
or smoking-related cancers are over expressed in 
smokers compared to non-smokers in LBC1936. We 
identified a number of genes with expression levels 
associated with telomere length that have previously 
been associated with stress response, autoimmune 
disease, and cancer. Finally, we have made available 
results from the first transcriptome-wide associations of 
a number of age-related physical and cognitive traits 
that may be used in future meta-analyses of these traits. 
 
MATERIALS AND METHODS 
 
Lothian Birth Cohort 1936 (LBC1936) 
Ethics statement 
 
Investigation has been conducted in accordance with the 
ethical standards and according to the Declaration of 
Helsinki and according to national and international 
guidelines and has been approved by the authors' 
institutional review board. Ethics permission was 
obtained from the Multi-Centre Research Ethics 
Committee for Scotland (Wave 1: MREC/01/0/56), the 
Lothian Research Ethics Committee (Wave 1: 
LREC/2003/2/29), and the Scotland A Research Ethics 
Committee (Wave 3: 07/MRE00/58). All persons gave 
their informed consent prior to their inclusion in the 
study. 
 
Subjects 
 
LBC1936 consists of 1091 (543 female) individuals, 
most of whom took part in the Scottish Mental Survey 
of 1947, during which, at the age of ~11years, they took 
the Moray House Test version 12 (MHT), a validated 
test of cognitive ability [50]. At a mean age of 69.5 
years (SD 0.8) they were recruited to a study to 
determine influences on cognitive aging [51, 52]. They 
underwent a series of cognitive and physical tests. 
Three further waves of cognitive and physical testing 
have occurred at mean ages 73, 76, and 79 years. For 
this study Peripheral Blood Mononuclear Cells 
(PBMCs) were extracted from whole blood at ages 70 
(Wave 1) and 76 (Wave 3) for the generation of 
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lymphoblastoid cell lines (LCLs) at the Edinburgh 
Clinical Research Facility (ECRF) Genetics Core, 
Western General Hospital, Edinburgh. DNA extracted 
from whole blood at age 70 was used to measure 
telomere length and genome-wide methylation.  
 
Physical tests 
 
Physical trait measures included time taken to walk six 
metres as quickly as possible, grip strength measured 
with a Jamar Hydraulic Hand Dynamometer [all subject 
had three trials with both hands, and the best of the 
three trials in the dominant hand (self-reported) was 
used], and FEV1 measured using a microspirometer (the 
best of the three trials was used).  
 
Cognitive tests 
 
Cognitive tests included six Wechsler Adult Intelligence 
Scale-IIIUK (WAIS-III) [53] non-verbal subtests 
(matrix reasoning, letter number sequencing, block 
design, symbol search, digit symbol, and digit span 
backward). From these six cognitive tests a general 
fluid cognitive factor (gf) was derived. The scores from 
the first unrotated component of a principal components 
analysis were extracted and labelled as gf. This com-
ponent explained 52% of the variance, with individual 
test loadings ranging between 0.65 and 0.72. MHT 
scores from ages 11 and 70 were corrected for age in 
days and converted to MHT IQ-type scores (mean = 
100; SD = 15). IQ change between ages 11 and 70 years 
was then calculated by regressing age 11 IQ on age 70 
IQ.  
 
Biochemical tests 
 
CRP was measured using a dry slide immuno-rate 
method on the OrthoFusion 5.1 F.S. analyser (Vitros 
Chemistry Products CRP slides, Ortho Clinical 
Diagnostics, Buckinghamshire, UK). As the CRP assay 
is designed for detecting raised levels of CRP it cannot 
distinguish values less than 3mg/L and all readings less 
than 3mg/L (N = 467) were assigned a value of 1.5 
mg/L. The reference interval for the assay is 10mg/L. 
Therefore, CRP levels were classified as: normal (0-
3mg/L), elevated (4-10mg/L) or acute (>10mg/L) as 
previously published [54]. Fibrinogen was measured 
using an automated Clauss assay (TOPS coagulator, 
Instrumentation Laboratory, Warrington, UK). HbA1c 
was measured in non-fasting blood using an Adams 
HA-8160 HbA1c analyzer, utilizing HPLc. The 
coefficients of variation for these biomarkers are: CRP 
= 126%, fibrinogen = 20%, HbA1c = 13%. Smoking 
status was recorded as current smoker, former smoker 
or never smoker.  
Extreme outliers were removed after visual inspection 
of the data. Two outliers were removed from HbA1c 
and one each from six metre walk time and IQ change. 
 
Isolation of peripheral blood mononuclear cells 
 
Whole blood was collected in 9ml Lithium Heparin 
tubes with PBMC isolation occurring within 72 hours of 
venepuncture. Whole blood was layered on histopaque 
and span at 400g for 30 mins at room temperature. 
Separated cells were collected and washed in RPMI 
(1% 100x Penicillin/Streptomycin and 1% L-
Glutamine) and re-suspended in 1ml freezing mix (8% 
DMSO in Fetal Calf Serum). Samples were slowly 
frozen in a ULT using a cryo freezing container for at 
least 4 hours before transferring to Liquid Nitrogen 
storage. Cell number and viability was assessed using a 
haemocytometer and trypan blue exclusion viability 
test. 
 
Generation of lymphoblastoid cell lines 
 
PBMCs underwent Epstein Barr Transformation of the 
B-lymphocyte component to generate LCLs at the 
European Collection of Cell Cultures, Public Health 
England, Porton Down, using standard methods [55]. 
Frozen cell pellets were returned to the ECRF Genetics 
Core for RNA extraction. 
 
RNA extraction 
 
RNA was extracted from LCL pellets using Qiagen 
miRNeasy kit. Cells were homogenised in Qiazol 
Buffer with chloroform added to the homogenate and 
phase separation performed at 4°C. The upper aqueous 
phase was added to 1.5x ethanol and mixed, before 
being added to the column. DNase treatment was on-
column. Eluted RNA was stored in a ULT. RNA yield 
and RIN were assessed by Agilent 2100 Bioanalyser 
and Nanodrop. 
 
Gene expression profiling 
 
Samples were amplified and biotin labelled using the 
Ambion Illumina Totalprep RNA Amplification Kit. 
The quality of the labelled cDNA was assessed on the 
Agilent Bioanalyser and genome-wide gene expression 
levels were measured on good quality samples using the 
Illumina HumanHT-12 v4 Expression BeadChip and 
scanned on an Illumina HiScan running GenomeStudio 
v2011.1. A control RNA sample was included on each 
array. The following quality control (QC) procedures 
were applied to transcript profiles. Individuals with 
signal-to-noise ratio <10 or with <9,000 transcripts 
(P<0.01) detected were excluded (n=130). Probes 
present in >20% of individuals with P<0.05 were 
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retained. The lumiExpresso command in the R package 
'lumi' [56] was used to perform variance stabilising 
transformation and quantile normalisation within a 
single step. After QC 23,031 transcripts were retained in 
781 individuals at age 70 years and 574 individuals at 
age 76 years. Transcript sequences were aligned to the 
build 38 reference genome using BLAT [57]. Only 
probes that perfectly mapped to a unique location in the 
genome were kept, with all probes mapping to a second 
position with greater than 40% identity excluded. The 
remaining transcripts were annotated to genes by 
overlapping their locations with Ensembl build 88 gene 
coordinates using BEDtools v2.26.0 [58]. 14,500 
transcripts that passed QC were successfully annotated 
to a gene. 
 
Telomere length measurement 
 
Telomere length was measured using a quantitative 
real-time polymerase chain reaction (PCR) assay [59]. 
The intra-assay coefficient of variation was 2.7% and 
the inter-assay coefficient of variation was 5.1%. Four 
internal control DNA samples were run within each 
plate to generate absolute telomere lengths and to 
correct for plate to plate variation. These internal 
controls are cell lines of known absolute telomere 
length, 6.9kb, 4.03kb, 2.0kb and 1.32kb respectively, 
whose relative ratio values (telomere starting 
quantity/glyceraldehyde 3-phosphate dehydrogenase 
starting quantity) were used to generate a regression line 
by which values of relative telomere length for the 
actual samples were converted into absolute telomere 
lengths. The correlation between relative telomere 
length and absolute telomere length was 0.8. 
Measurements were performed in quadruplicate and the 
mean of the measurements used. PCRs were performed 
on an Applied Biosystems (Pleasonton, CA, USA) 
7900HT Fast Real Time PCR machine. 
 
Methylation  
 
Measurement of DNA methylation in LBC1936 has 
been described in detail previously [60]. Briefly 
genome-wide methylation levels were measured in 
DNA extracted from whole blood using the Illumina 
HumanMethylation450 BeadChips array. Quality 
control was carried out on these data to remove (i) 
probes with a low detection rate, (ii) low quality 
samples, (iii) samples with a low call rate, (iv) samples 
where there was a sex mismatch. Post-QC there were 
450,726 autosomal probes available for analysis in 920 
participants. Seventy-one of these probes were used to 
calculate DNA methylation age using the regression 
weights supplied by Hannum et al. [61]. 353 of these 
probes were used to calculate DNA methylation age 
using the regression weights supplied by Horvath et al 
[62]. Methylation age acceleration for both the Hannum 
and the Horvath methylation ages was calculated by 
regressing DNA methylation age on chronological age 
and saving the residual. 
 
Statistical analyses 
 
Expression change between ages 70 and 76 years 
A paired t-test was used to investigate the difference in 
the expression of each transcript between ages 70 and 
76 years for the 434 individuals with expression 
measured at both ages. Adjustment was made for plate 
and batch. A Bonferroni corrected p value of 
0.05/ntranscripts = 0.05/23031 =2.17x10-6 was used to 
indicate statistical significance. All genes were entered 
into a Gene Ontology (GO) enrichment analysis, ranked 
by p value of the transcript with the lowest p value, for 
biological processes using the Gene Ontology 
enRIchment anaLysis and visuaLizAtion tool 
(GORILLA) [63, 64]. Next, separate analyses were 
performed for genes where expression levels increased 
and for genes where expression levels decreased. No p 
value cut off was used to select genes that were entered 
into the GO enrichment analyses. A Pearson correlation 
was calculated for each transcript at age 70 and 76 
years, controlling for plate and batch. 
 
A heatmap of gene expression profiles across 
individuals and waves was plotted using the 
ComplexHeatmap package in R [65]. Plotting was 
restricted to genes significantly differentially expressed 
between waves across the 434 individuals with 
expression data at both timepoints. Both rows and 
columns of the heatmap were scaled to a mean of 0 and 
standard deviation of 1 prior to plotting. K means 
clustering with k set to two was used to separate genes 
into those going up and down between timepoints and 
GO terms were retrieved using the biomaRt R package 
[66]. 
 
Transcriptome-wide analyses 
Power calculations were performed using the pwr R 
package [67, 68]. Linear regression models were used to 
test the association of gene expression at age 70 years 
with gf, IQ change between the ages of 11 and 70 years, 
six metre walk time, FEV1, grip strength, CRP, 
fibrinogen, HbA1c, smoking status (current versus 
never and former versus never), telomere length and 
methylation age acceleration (Hannum and Horvath), 
adjusting for age, sex, batch and plate (N=665 to 781). 
Grip strength, six metre walk time and FEV1 were also 
adjusted for height. Expression of each gene was the 
outcome variable in all models. A Bonferroni corrected 
p value of 2.17x10-6 was used to indicate statistical 
significance. Linear regression analyses were performed 
in R. The most significant transcripts for the top 10 
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genes associated with muscle strength in [34] and 
smoking status (current versus never and former versus 
never) in [35] were identified in our equivalent 
analyses. 
 
Survival analyses 
Mortality status was obtained from data linkage from 
the National Health Service Central Register, provided 
by the General Register Office for Scotland (now 
National Records of Scotland). Cox proportional 
hazards regression models were used to test the 
association between gene expression and mortality, 
adjusting for age at sample collection, sex, batch, and 
plate. Survival analyses were performed in R [68] using 
the survival package [69]. 
 
ACKNOWLEDGEMENTS 
  
We thank the LBC1936 participants and team members 
who contributed to these studies. 
 
CONFLICTS OF INTEREST 
 
The authors declare no conflicts of interest. 
 
FUNDING 
 
Phenotype collection and telomere measurement was 
supported by Age UK (The Disconnected Mind 
project).  The gene expression profiling was funded by 
The University of Edinburgh. Methylation typing was 
supported by Centre for Cognitive Ageing and 
Cognitive Epidemiology (Pilot Fund award), Age UK, 
The Wellcome Trust Institutional Strategic Support 
Fund, The University of Edinburgh, and The University 
of Queensland.  The work was undertaken by The 
University of Edinburgh Centre for Cognitive Ageing 
and Cognitive Epidemiology, part of the cross council 
Lifelong Health and Wellbeing Initiative 
(MR/K026992/1). Funding from the Biotechnology and 
Biological Sciences Research Council and Medical 
Research Council is gratefully acknowledged. 
 
REFERENCES 
 
1.   da Costa JP, Vitorino R, Silva GM, Vogel C, Duarte AC, 
Rocha‐Santos  T.  A  synopsis  on  aging‐Theories, 
mechanisms  and  future  prospects.  Ageing  Res  Rev. 
2016; 29:90–112.  
https://doi.org/10.1016/j.arr.2016.06.005 
2.   Studenski S, Perera S, Patel K, Rosano C, Faulkner K, 
Inzitari M, Brach J, Chandler J, Cawthon P, Connor EB, 
Nevitt M, Visser M,  Kritchevsky  S,  et  al. Gait  speed 
and survival  in older adults. JAMA. 2011; 305:50–58. 
https://doi.org/10.1001/jama.2010.1923 
3.   Hole DJ, Watt GC, Davey‐Smith G, Hart CL, Gillis CR, 
Hawthorne VM. Impaired lung function and mortality 
risk  in men  and women:  findings  from  the  Renfrew 
and Paisley prospective population study. BMJ. 1996; 
313:711–15. 
https://doi.org/10.1136/bmj.313.7059.711 
4.   Young  RP,  Hopkins  R,  Eaton  TE.  Forced  expiratory 
volume  in one  second: not  just  a  lung  function  test 
but a marker of premature death from all causes. Eur 
Respir J. 2007; 30:616–22.  
  https://doi.org/10.1183/09031936.00021707 
5.   Moreland JD, Richardson JA, Goldsmith CH, Clase CM. 
Muscle  weakness  and  falls  in  older  adults:  a 
systematic  review  and  meta‐analysis.  J  Am  Geriatr 
Soc. 2004; 52:1121–29.  
  https://doi.org/10.1111/j.1532‐5415.2004.52310.x 
6.   Xue QL, Beamer BA, Chaves PH, Guralnik JM, Fried LP. 
Heterogeneity in rate of decline in grip, hip, and knee 
strength  and  the  risk  of  all‐cause  mortality:  the 
Women’s Health and Aging Study II. J Am Geriatr Soc. 
2010;  58:2076–84.  https://doi.org/10.1111/j.1532‐
5415.2010.03154.x 
7.   Marsh  AP,  Rejeski  WJ,  Espeland  MA,  Miller  ME, 
Church TS, Fielding RA, Gill TM, Guralnik JM, Newman 
AB,  Pahor  M,  and  LIFE  Study  Investigators.  Muscle 
strength  and  BMI  as  predictors  of  major  mobility 
disability  in  the  Lifestyle  Interventions  and 
Independence  for  Elders  pilot  (LIFE‐P).  J Gerontol  A 
Biol Sci Med Sci. 2011; 66:1376–83.  
  https://doi.org/10.1093/gerona/glr158 
8.   Willcox BJ, He Q, Chen R, Yano K, Masaki KH, Grove 
JS, Donlon TA, Willcox DC, Curb JD. Midlife risk factors 
and healthy survival  in men.  JAMA. 2006; 296:2343–
50. https://doi.org/10.1001/jama.296.19.2343 
9.   Deary  IJ,  Corley  J,  Gow  AJ,  Harris  SE,  Houlihan  LM, 
Marioni  RE,  Penke  L,  Rafnsson  SB,  Starr  JM.  Age‐
associated  cognitive  decline.  Br  Med  Bull.  2009; 
92:135–52. https://doi.org/10.1093/bmb/ldp033 
10.  Wilk  JB, Djousse L, Arnett DK, Rich SS, Province MA, 
Hunt  SC,  Crapo  RO, Higgins M, Myers  RH.  Evidence 
for major genes influencing pulmonary function in the 
NHLBI  family  heart  study.  Genet  Epidemiol.  2000; 
19:81–94.  https://doi.org/10.1002/1098‐
2272(200007)19:1<81::AID‐GEPI6>3.0.CO;2‐8 
11.  Palmer  LJ,  Knuiman  MW,  Divitini  ML,  Burton  PR, 
James  AL,  Bartholomew  HC,  Ryan  G,  Musk  AW. 
Familial  aggregation  and  heritability  of  adult  lung 
function: results from the Busselton Health Study. Eur 
Respir J. 2001; 17:696–702.  
  https://doi.org/10.1183/09031936.01.17406960 
12.  Tiainen  K,  Sipilä  S,  Alen  M,  Heikkinen  E,  Kaprio  J, 
Koskenvuo  M,  Tolvanen  A,  Pajala  S,  Rantanen  T. 
www.aging‐us.com  2500  AGING 
Heritability  of maximal  isometric muscle  strength  in 
older  female  twins.  J  Appl  Physiol  (1985).  2004; 
96:173–80. 
https://doi.org/10.1152/japplphysiol.00200.2003 
13.  Matteini  AM,  Fallin  MD,  Kammerer  CM,  Schupf  N, 
Yashin AI, Christensen K, Arbeev KG, Barr G, Mayeux 
R, Newman AB, Walston  JD. Heritability estimates of 
endophenotypes of long and health life: the Long Life 
Family  Study.  J  Gerontol  A  Biol  Sci Med  Sci.  2010; 
65:1375–79. https://doi.org/10.1093/gerona/glq154 
14.  Ortega‐Alonso  A,  Pedersen  NL,  Kujala  UM,  Sipilä  S, 
Törmäkangas T, Kaprio J, Koskenvuo M, Rantanen T. A 
twin study on the heritability of walking ability among 
older women.  J  Gerontol  A  Biol  Sci Med  Sci.  2006; 
61:1082–85. 
https://doi.org/10.1093/gerona/61.10.1082 
15.  Pajala  S,  Era  P,  Koskenvuo  M,  Kaprio  J,  Alén  M, 
Tolvanen  A,  Tiainen  K,  Rantanen  T.  Contribution  of 
genetic  and  environmental  factors  to  individual 
differences  in  maximal  walking  speed  with  and 
without  second  task  in  older women.  J  Gerontol  A 
Biol Sci Med Sci. 2005; 60:1299–303.  
  https://doi.org/10.1093/gerona/60.10.1299 
16.  Soler  Artigas  M,  Loth  DW,  Wain  LV,  Gharib  SA, 
Obeidat  M,  Tang  W,  Zhai  G,  Zhao  JH,  Smith  AV, 
Huffman JE, Albrecht E, Jackson CM, Evans DM, et al, 
and GIANT consortium. Genome‐wide association and 
large‐scale follow up identifies 16 new loci influencing 
lung  function.  Nat  Genet.  2011;  43:1082–90. 
https://doi.org/10.1038/ng.941 
17.  Soler  Artigas  M,  Wain  LV,  Miller  S,  Kheirallah  AK, 
Huffman JE, Ntalla I, Shrine N, Obeidat M, Trochet H, 
McArdle WL, Alves AC, Hui  J, Zhao  JH, et al, and UK 
BiLEVE.  Sixteen  new  lung  function  signals  identified 
through  1000  Genomes  Project  reference  panel 
imputation.  Nat  Commun.  2015;  6:8658. 
https://doi.org/10.1038/ncomms9658 
18.  Matteini  AM,  Tanaka  T,  Karasik D,  Atzmon G,  Chou 
WC, Eicher JD, Johnson AD, Arnold AM, Callisaya ML, 
Davies  G,  Evans  DS,  Holtfreter  B,  Lohman  K,  et  al. 
GWAS analysis of handgrip and  lower body  strength 
in older adults in the CHARGE consortium. Aging Cell. 
2016; 15:792–800.  
  https://doi.org/10.1111/acel.12468 
19.  Ben‐Avraham  D,  Karasik  D,  Verghese  J,  Lunetta  KL, 
Smith  JA,  Eicher  JD,  Vered  R, Deelen  J,  Arnold  AM, 
Buchman AS, Tanaka T, Faul  JD, Nethander M, et al. 
The  complex  genetics  of  gait  speed:  genome‐wide 
meta‐analysis  approach.  Aging  (Albany  NY).  2017; 
9:209–46. https://doi.org/10.18632/aging.101151 
20.  Deary  IJ,  Johnson  W,  Houlihan  LM.  Genetic 
foundations of human intelligence. Hum Genet. 2009; 
126:215–32.  https://doi.org/10.1007/s00439‐009‐
0655‐4 
21.  Davies G, Armstrong N, Bis JC, Bressler J, Chouraki V, 
Giddaluru  S,  Hofer  E,  Ibrahim‐Verbaas  CA,  Kirin M, 
Lahti  J, van der Lee SJ, Le Hellard S, Liu T, et al, and 
Generation  Scotland.  Genetic  contributions  to 
variation  in  general  cognitive  function:  a  meta‐
analysis  of  genome‐wide  association  studies  in  the 
CHARGE  consortium  (N=53949).  Mol  Psychiatry. 
2015; 20:183–92.  
  https://doi.org/10.1038/mp.2014.188 
22.  Davies G, Marioni RE, Liewald DC, Hill WD, Hagenaars 
SP, Harris SE, Ritchie SJ, Luciano M, Fawns‐Ritchie C, 
Lyall D, Cullen B, Cox SR, Hayward C, et al. Genome‐
wide  association  study  of  cognitive  functions  and 
educational  attainment  in  UK  Biobank  (N=112 151). 
Mol Psychiatry. 2016; 21:758–67.  
  https://doi.org/10.1038/mp.2016.45 
23.  Deary  IJ,  Yang  J,  Davies  G,  Harris  SE,  Tenesa  A, 
Liewald D,  Luciano M,  Lopez  LM, Gow  AJ,  Corley  J, 
Redmond  P,  Fox  HC,  Rowe  SJ,  et  al.  Genetic 
contributions  to  stability  and  change  in  intelligence 
from childhood to old age. Nature. 2012; 482:212–15. 
https://doi.org/10.1038/nature10781 
24.  Davies  G,  Tenesa  A,  Payton  A,  Yang  J,  Harris  SE, 
Liewald D, Ke X, Le Hellard S, Christoforou A, Luciano 
M, McGhee K, Lopez L, Gow AJ, et al. Genome‐wide 
association studies establish  that human  intelligence 
is  highly  heritable  and  polygenic.  Mol  Psychiatry. 
2011; 16:996–1005.  
  https://doi.org/10.1038/mp.2011.85 
25.  Sniekers  S,  Stringer  S,  Watanabe  K,  Jansen  PR, 
Coleman  JR,  Krapohl  E,  Taskesen  E,  Hammerschlag 
AR, Okbay A, Zabaneh D, Amin N, Breen G, Cesarini D, 
et  al.  Genome‐wide  association  meta‐analysis  of 
78,308  individuals  identifies  new  loci  and  genes 
influencing  human  intelligence.  Nat  Genet.  2017; 
49:1107‐12. https://doi.org/10.1038/ng.3869 
26.  Harman D. Role of free radicals  in aging and disease. 
Ann N Y Acad Sci. 1992; 673:126–41.  
  https://doi.org/10.1111/j.1749‐6632.1992.tb27444.x 
27.  von  Zglinicki  T. Oxidative  stress  shortens  telomeres. 
Trends Biochem Sci. 2002; 27:339–44.  
  https://doi.org/10.1016/S0968‐0004(02)02110‐2 
28.  Valdes AM, Andrew T, Gardner JP, Kimura M, Oelsner 
E, Cherkas  LF, Aviv A, Spector TD. Obesity,  cigarette 
smoking,  and  telomere  length  in  women.  Lancet. 
2005;  366:662–64.  https://doi.org/10.1016/S0140‐
6736(05)66630‐5 
29.  Müezzinler A, Zaineddin AK, Brenner H. A systematic 
review  of  leukocyte  telomere  length  and  age  in 
www.aging‐us.com  2501  AGING 
adults.  Ageing  Res  Rev.  2013;  12:509–19. 
https://doi.org/10.1016/j.arr.2013.01.003 
30.  Harris SE, Marioni RE, Martin‐Ruiz C, Pattie A, Gow AJ, 
Cox  SR,  Corley  J,  von  Zglinicki  T,  Starr  JM, Deary  IJ. 
Longitudinal  telomere  length  shortening  and 
cognitive and physical decline in later life: The Lothian 
Birth  Cohorts  1936  and  1921.  Mech  Ageing  Dev. 
2016; 154:43–48. 
 https://doi.org/10.1016/j.mad.2016.02.004 
31.  Robertson  T,  Batty GD, Der G,  Fenton  C,  Shiels  PG, 
Benzeval M.  Is socioeconomic status associated with 
biological  aging  as  measured  by  telomere  length? 
Epidemiol Rev. 2013; 35:98–111. 
 https://doi.org/10.1093/epirev/mxs001 
32.  von  Zglinicki  T,  Martin‐Ruiz  CM.  Telomeres  as 
biomarkers for ageing and age‐related diseases. Curr 
Mol Med. 2005; 5:197–203.  
  https://doi.org/10.2174/1566524053586545 
33.  Mather  KA,  Jorm  AF,  Parslow  RA,  Christensen  H.  Is 
telomere  length  a  biomarker  of  aging?  A  review.  J 
Gerontol  A  Biol  Sci  Med  Sci.  2011;  66:202–13. 
https://doi.org/10.1093/gerona/glq180 
34.  Pilling LC, Joehanes R, Kacprowski T, Peters M, Jansen 
R, Karasik D, Kiel DP, Harries LW, Teumer A, Powell J, 
Levy  D,  Lin  H,  Lunetta  K,  et  al.  Gene  transcripts 
associated  with  muscle  strength:  a  CHARGE  meta‐
analysis  of  7,781  persons.  Physiol  Genomics.  2016; 
48:1–11. 
https://doi.org/10.1152/physiolgenomics.00054.2015 
35.  Huan T, Joehanes R, Schurmann C, Schramm K, Pilling 
LC,  Peters  MJ,  Mägi  R,  DeMeo  D,  O’Connor  GT, 
Ferrucci  L,  Teumer  A,  Homuth  G,  Biffar  R,  et  al.  A 
whole‐blood  transcriptome  meta‐analysis  identifies 
gene expression signatures of cigarette smoking. Hum 
Mol Genet. 2016; 25:4611–23.  
  https://doi.org/10.1093/hmg/ddw288 
36.  Peters  MJ,  Joehanes  R,  Pilling  LC,  Schurmann  C, 
Conneely  KN,  Powell  J,  Reinmaa  E,  Sutphin  GL, 
Zhernakova  A,  Schramm  K,  Wilson  YA,  Kobes  S, 
Tukiainen  T,  et  al,  and  NABEC/UKBEC  Consortium. 
The  transcriptional  landscape  of  age  in  human 
peripheral  blood.  Nat  Commun.  2015;  6:8570. 
https://doi.org/10.1038/ncomms9570 
37.  Shaw AC,  Joshi  S, Greenwood H,  Panda A,  Lord  JM. 
Aging  of  the  innate  immune  system.  Curr  Opin 
Immunol. 2010; 22:507–13.  
  https://doi.org/10.1016/j.coi.2010.05.003 
38.   Irizar  H,  Goñi  J,  Alzualde  A,  Castillo‐Triviño  T, 
Olascoaga J, Lopez de Munain A, Otaegui D. Age gene 
expression  and  coexpression  progressive  signatures 
in  peripheral  blood  leukocytes.  Exp Gerontol.  2015; 
72:50–56.  
https://doi.org/10.1016/j.exger.2015.09.003 
39.  Gao X,  Jia M, Zhang Y, Breitling  LP, Brenner H. DNA 
methylation changes of whole blood cells in response 
to  active  smoking  exposure  in  adults:  a  systematic 
review of DNA methylation  studies. Clin Epigenetics. 
2015;  7:113.  https://doi.org/10.1186/s13148‐015‐
0148‐3 
40.  Zhang Y, Elgizouli M, Schöttker B, Holleczek B, Nieters 
A,  Brenner  H.  Smoking‐associated  DNA methylation 
markers  predict  lung  cancer  incidence.  Clin 
Epigenetics. 2016; 8:127.  
  https://doi.org/10.1186/s13148‐016‐0292‐4 
41.  Balasenthil S, Chen N, Lott ST, Chen J, Carter J, Grizzle 
WE,  Frazier  ML,  Sen  S,  Killary  AM.  A  migration 
signature and plasma biomarker panel for pancreatic 
adenocarcinoma.  Cancer  Prev  Res  (Phila).  2011; 
4:137–49.  https://doi.org/10.1158/1940‐6207.CAPR‐
10‐0025 
42.  Modica TM, Maiorani O, Sartori G, Pivetta E, Doliana 
R,  Capuano  A,  Colombatti  A,  Spessotto  P.  The 
extracellular matrix protein EMILIN1 silences the RAS‐
ERK pathway via α4β1  integrin and decreases  tumor 
cell growth. Oncotarget. 2017; 8:27034–46. 
https://doi.org/10.18632/oncotarget.15067 
43.  Liu CL, Zhong W, He YY, Li X, Li S, He KL. Genome‐wide 
analysis  of  tunicamycin‐induced  endoplasmic 
reticulum stress response and the protective effect of 
endoplasmic  reticulum  inhibitors  in  neonatal  rat 
cardiomyocytes. Mol Cell Biochem. 2016; 413:57–67. 
https://doi.org/10.1007/s11010‐015‐2639‐0 
44.  Luo  LY,  Hahn  WC.  Oncogenic  Signaling  Adaptor 
Proteins.  J  Genet  Genomics.  2015;  42:521–29. 
https://doi.org/10.1016/j.jgg.2015.09.001 
45.  Zhou Y, Li X, Wang G, Li X. Association of FAM167A‐
BLK  rs2736340  Polymorphism  with  Susceptibility  to 
Autoimmune  Diseases:  A  Meta‐Analysis.  Immunol 
Invest. 2016; 45:336–48.  
  https://doi.org/10.3109/08820139.2016.1157812 
46.  Matés  JM,  Segura  JA,  Martín‐Rufián  M,  Campos‐
Sandoval  JA,  Alonso  FJ,  Márquez  J.  Glutaminase 
isoenzymes  as  key  regulators  in  metabolic  and 
oxidative stress against cancer. Curr Mol Med. 2013; 
13:514–34. 
https://doi.org/10.2174/1566524011313040005 
47.  Codd V, Nelson CP, Albrecht E, Mangino M, Deelen J, 
Buxton  JL, Hottenga  JJ,  Fischer  K,  Esko  T,  Surakka  I, 
Broer  L,  Nyholt  DR,  Mateo  Leach  I,  et  al,  and 
CARDIoGRAM consortium. Identification of seven loci 
affecting mean telomere length and their association 
with  disease.  Nat  Genet.  2013;  45:422–27,  e1–2. 
https://doi.org/10.1038/ng.2528 
www.aging‐us.com  2502  AGING 
48.  Levy D, Neuhausen SL, Hunt SC, Kimura M, Hwang SJ,  
Chen W, Bis  JC, Fitzpatrick AL, Smith E,  Johnson AD, 
Gardner  JP,  Srinivasan  SR, Schork N, et al. Genome‐
wide association  identifies OBFC1 as a  locus  involved 
in human leukocyte telomere biology. Proc Natl Acad 
Sci USA. 2010; 107:9293–98.  
  https://doi.org/10.1073/pnas.0911494107 
49.  Mangino M, Hwang SJ, Spector TD, Hunt SC, Kimura 
M,  Fitzpatrick  AL,  Christiansen  L,  Petersen  I,  Elbers 
CC,  Harris  T,  Chen W,  Srinivasan  SR,  Kark  JD,  et  al. 
Genome‐wide  meta‐analysis  points  to  CTC1  and 
ZNF676 as genes regulating telomere homeostasis  in 
humans.  Hum  Mol  Genet.  2012;  21:5385–94. 
https://doi.org/10.1093/hmg/dds382 
50.  Scottish Council for Research in Education. The trend 
of Scottish intelligence: A comparison of the 1947 and 
1932  Surveys  of  the  intelligence  of  eleven‐year‐old 
pupils. London: University of London Press, 1949. 
51.  Deary  IJ, Gow AJ, Pattie A,  Starr  JM. Cohort profile: 
the  Lothian  Birth  Cohorts  of  1921  and  1936.  Int  J 
Epidemiol. 2012; 41:1576–84.  
  https://doi.org/10.1093/ije/dyr197 
52.  Deary IJ, Gow AJ, Taylor MD, Corley J, Brett C, Wilson 
V, Campbell H, Whalley LJ, Visscher PM, Porteous DJ, 
Starr  JM. The  Lothian Birth Cohort 1936: a  study  to 
examine  influences on  cognitive ageing  from age 11 
to  age  70  and  beyond.  BMC  Geriatr.  2007;  7:28. 
https://doi.org/10.1186/1471‐2318‐7‐28 
53.  Wechsler  D.  WAIS‐IIIUK  administration  and  scoring 
manual.  London,  UK:  Psychological  Corporation, 
1998. 
54.  Luciano M, Marioni  RE, Gow  AJ,  Starr  JM, Deary  IJ. 
Reverse  causation  in  the  association  between  C‐
reactive  protein  and  fibrinogen  levels  and  cognitive 
abilities  in  an  aging  sample.  Psychosom Med.  2009; 
71:404–09. 
https://doi.org/10.1097/PSY.0b013e3181a24fb9 
55.  Packer  RJ,  Bolton  BJ.  Immortalization  of  B 
Lymphocytes  by  Epstein‐  Barr  Virus.  Cell  biology:  A 
laboratory  handbook:  Vol  1,  2nd  Edition  Academic 
Press Inc, 1997. 
56.  Du  P,  Kibbe  WA,  Lin  SM.  lumi:  a  pipeline  for 
processing  Illumina microarray. Bioinformatics. 2008; 
24:1547–48. 
https://doi.org/10.1093/bioinformatics/btn224 
57.  Kent  WJ.  BLAT‐‐the  BLAST‐like  alignment  tool. 
Genome Res. 2002; 12:656–64.  
  https://doi.org/10.1101/gr.229202 
58.  Quinlan  AR,  Hall  IM.  BEDTools:  a  flexible  suite  of 
utilities  for  comparing  genomic  features. 
Bioinformatics. 2010; 26:841–42.  
  https://doi.org/10.1093/bioinformatics/btq033 
59.  Martin‐Ruiz  C,  Saretzki  G,  Petrie  J,  Ladhoff  J, 
Jeyapalan  J,  Wei  W,  Sedivy  J,  von  Zglinicki  T. 
Stochastic  variation  in  telomere  shortening  rate 
causes heterogeneity of human  fibroblast  replicative 
life  span.  J  Biol  Chem.  2004;  279:17826–33. 
https://doi.org/10.1074/jbc.M311980200 
60.  Shah  S, McRae  AF, Marioni  RE, Harris  SE, Gibson  J, 
Henders AK, Redmond P, Cox  SR, Pattie A, Corley  J, 
Murphy  L,  Martin  NG,  Montgomery  GW,  et  al. 
Genetic  and  environmental  exposures  constrain 
epigenetic drift over the human  life course. Genome 
Res. 2014; 24:1725–33.  
  https://doi.org/10.1101/gr.176933.114 
61.  Hannum  G,  Guinney  J,  Zhao  L,  Zhang  L,  Hughes  G, 
Sadda  S,  Klotzle  B,  Bibikova  M,  Fan  JB,  Gao  Y, 
Deconde R, Chen M, Rajapakse I, et al. Genome‐wide 
methylation  profiles  reveal  quantitative  views  of 
human  aging  rates.  Mol  Cell.  2013;  49:359–67. 
https://doi.org/10.1016/j.molcel.2012.10.016 
62.  Horvath  S.  DNA  methylation  age  of  human  tissues 
and  cell  types.  Genome  Biol.  2013;  14:R115. 
https://doi.org/10.1186/gb‐2013‐14‐10‐r115 
63.  Eden  E,  Navon  R,  Steinfeld  I,  Lipson  D,  Yakhini  Z. 
GOrilla:  a  tool  for  discovery  and  visualization  of 
enriched  GO  terms  in  ranked  gene  lists.  BMC 
Bioinformatics. 2009; 10:48.  
  https://doi.org/10.1186/1471‐2105‐10‐48 
64.  Eden  E,  Lipson  D,  Yogev  S,  Yakhini  Z.  Discovering 
motifs  in  ranked  lists  of  DNA  sequences.  PLOS 
Comput Biol. 2007; 3:e39.  
  https://doi.org/10.1371/journal.pcbi.0030039 
65.  Gu Z, Eils R, Schlesner M. Complex heatmaps  reveal 
patterns  and  correlations  in  multidimensional 
genomic  data.  Bioinformatics.  2016;  32:2847–49. 
https://doi.org/10.1093/bioinformatics/btw313 
66.  Durinck S, Spellman PT, Birney E, Huber W. Mapping 
identifiers  for  the  integration  of  genomic  datasets 
with  the  R/Bioconductor  package  biomaRt.  Nat 
Protoc. 2009; 4:1184–91. 
 https://doi.org/10.1038/nprot.2009.97 
67.  Cohen J. Statistical power analysis for the behavioural 
sciences.  2nd  ed.  Hillsdale,  NJ:  Lawrence  Erlbaum, 
1988. 
68.  R  Core  Team.  R:  A  Language  and  Environment  for 
Statistical Computing. 2013.  
69.  Therneau  TM.  A  Package  for  Survival  Analysis  in  S. 
2013.  
 
 
www.aging‐us.com  2503  AGING 
SUPPLEMENTARY MATERIAL 
 
Please browse the Full Text version to see 
Supplementary Tables related to this manuscript. 
Excel file contains Supplementary Tables 1-19. 
 
